To fulfill the applications on robot vision, the commonly used stereo matching method for depth estimation is supposed to be efficient in terms of running speed and disparity accuracy. Based on this requirement, Delaunay-based stereo matching method is proposed to achieve the aforementioned standards in this paper. First, a Canny edge operator is used to detect the edge points of an image as supporting points. Those points are then processed using a Delaunay triangulation algorithm to divide the whole image into a series of linked triangular facets. A proposed module composed of these facets performs a rude estimation of image disparity. According to the triangular property of shared vertices, the estimated disparity is then refined to generate the disparity map. The method is tested on Middlebury stereo pairs. The running time of the proposed method is about 1 s and the matching accuracy is 93%. Experimental results show that the proposed method improves both running speed and disparity accuracy, which forms a steady foundation and good application prospect for a robot's path planning system with stereo camera devices.
Introduction
In recent years, mobile robot vision navigation research has mainly focused on obtaining three-dimensional information of the robot surroundings accurately and in real time. Stereo matching algorithm is a key issue in three-dimensional scene reconstruction. Running time and matching accuracy play a vital role in mobile robot visual navigation and autonomous positioning.
Scharstein and Szeliski [1] presented a taxonomy of dense, two-frame stereo methods to assess the different components and design decisions made in individual stereo algorithms. According to whether or not the algorithm includes a global optimization function, stereo matching algorithms are divided into local and global methods. Typically, local stereo matching algorithms [2] use a support window of fixed shape and size to calculate the matching cost. The disparity is then obtained after aggregating the matching cost by summing or averaging over a support region. Stereo algorithms based on local correspondence are typically fast. Nevertheless, an adequate choice of window shape and size is necessary, as it leads to a trade-off between low matching ratios for small window sizes and border bleeding artifacts for larger ones. As a consequence, poorly textured or ambiguous surfaces cannot be matched consistently. Meeting the needs of practical applications is difficult. Algorithms based on global correspondences overcome some of the aforementioned problems by imposing smoothness constraints on the disparities in the form of regularized energy functions. Given that optimization methods such as MRF-based energy functions are generally NP-hard, various approximation algorithms have been proposed, for example, graph cuts [3] , belief propagation [4] , and max-flow or simulated annealing. Although global optimization methods can acquire high accuracy disparity space map (DSI), the modeling process is complex that they generally require large computational efforts and high memory capacity even on low-resolution imagery. For example, the running time of the graph cut method is nearly 20 s or longer. Therefore, further study on local methods according to the needs of practical applications is valuable.
To solve the mutual constraints between running time and matching accuracy, much research effort has been done and numerous optimum methods have been presented.
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Zhou et al. [5] presented a fast stereo matching algorithm based on support point expansion and used Gibbs Random Field to describe the energy function. Compared with traditional belief propagation or graph cut algorithm, the algorithm has the advantage of good matching accuracy and running speed. Mei et al. [6] used AD-census method to initialize the matching cost and improved the matching accuracy by adding the smoothing constraints along the scan line after aggregation. Efficient large-scale stereo matching algorithm (ELAS) [7] builds a priori on the disparities by forming a triangulation on a set of support points which can be robustly matched. Computing the left and right disparity maps for a one megapixel image pair takes about one second on a single CPU core. However, the accuracy of disparity map should be improved when it is applied in the threedimensional reconstruction or target recognition. The basic idea of the literature [8, 9] is to apply the triangulation method to accomplish disparity estimation. The triangle area is used as the matching unit, and all pixels within the triangle are assumed to have the same disparity. Even though it can obtain a dense literature [10] , the running time is slower and is likely to cause excessive smoothness in some triangle areas.
In this paper, we propose an effective local stereo matching method based on Delaunay triangulation for stereo matching, which allows dense matching with small aggregation windows by reducing ambiguities on the correspondences. Our approach builds the disparity model over the disparity space by forming a triangulation on a set of robustly matched correspondences, named support points, which are detected by a Canny edge operator. The efficient algorithm reduces the search space and can be easily parallelized. As triangles share a joint vertex, the initial disparity of each vertex is refined. As demonstrated in our experiments, our method achieved good performance when compared with prevalent approaches.
Support Points Generation
As support points, we denote pixels that can be robustly matched due to their texture and uniqueness. We are inspired by the characteristic that an image edge contains most of the image information and widely exists in objects and backgrounds or between objects.
The common edge detection operators are Prewitt operator, Sobel operator, Canny operator, LOG operator, Roberts operator, and so on. Prewitt operator and Sobel operator, as first-order differential operators, are average filters and weighted average filters, respectively. LOG operator first uses a Gaussian function to smoothen images and then uses Laplace transform to process images. Sobel, Robert, and Prewitt methods are sensitive to noise and easily form a nonclosed edge area [11] , and their edge detection effects are often unsatisfactory. Canny method can be applied to different occasions for the advantages of low missing detection rate, low error detection rate, and high accuracy of edge positioning.
However, the parameters of a (high and low threshold) Canny operator were artificially set and were not adaptive for different images. A good edge detection effect is difficult to obtain when the threshold is manually set. Thus, selecting the appropriate threshold for image edge detection is very important. The method based on gradient magnitude histogram and intraclass variance minimization [12] is adopted to determine the adaptive threshold. This method does not require artificially setting the thresholds and can automatically obtain its own threshold according to different images, excluding the influence of human factors.
The number of support points is larger and affects the running time of the subsequent triangulation algorithm, as well as the entire running time of stereo matching. Under the premise of preserving the edge details of the reference image, we selected the support points every other line after edge detection. Experimental results also provide good verification with the support point images shown in Figure 1 . We can see that all support points are distributed along the image edges uniformly.
Support Point Triangulation
The 2D triangulation of the reference image aims to represent the entire image with a set of triangular mesh. The disparity map is described as a set of triangular areas with same or similar disparity. The triangular meshes reflect the topological relation between a pixel and its neighboring pixels. Given the premise of preserving the disparity discontinuities and edge details, the triangulation in homogeneous areas should be large enough to reduce the matching ambiguity. In areas where the depth is homogeneous, the density of points should be small, and a higher number of points must exist near depth discontinuities to correctly preserve the object details.
Many 2D triangulation methods exist, and the representative method is Delaunay triangulation. The Delaunay triangular mesh is the most regularization triangular mesh [13] . The most commonly used Delaunay triangulation algorithms include insertion methods, incremental method, and divide and conquer method. Insertion method is simple and efficient and takes up less memory, but its time complexity is poor. Incremental triangulation method is not commonly used because of its low efficiency. Meanwhile, divide and conquer method has been shown to be the fastest Delaunay triangulation generation technique. Considering running time, we use the divide and conquer method to triangulate the initial set of support points. Triangulation results of higher-resolution images from the Middlebury website (Cones, Teddy, Aloe, and Venus) are shown in Figure 2 
Disparity Estimation

Initial Disparity Estimation.
After the 2D triangulation of the reference image, each triangle is initially assumed to present uniform depth. The initial estimation step is assigning a unique depth value to each triangle.
For each triangle in the reference image, we assume that ( ) is the matching function of with respect to image at disparity . The matching function is chosen based on the histogram of pixel gains and its ability to deal with illumination variations in an image. Considering a triangle in the reference image, for each pixel in , the ratio can be calculated as
where is the image that needs to be matched in the stereo pair, is pixel coordinates, and is the disparity value. The ratios between corresponding pixels at each color channel ∈ { , , } are computed, and a histogram of the ratios considering all color channels is obtained. An ideal match at the correct disparity value should lead to similar ratios at all pixels and color channels.
If a match is good, the distribution of the histogram has few bins with large values and the rest are small, whereas a poor match has a more even distribution of the histogram. To find the large values of the histogram distribution, we use several methods such as image mean-square error estimate or entropy. We find that the following method is efficient and obtains good matching results. The matching function ( ) for with respect to image at disparity is given by
where is the area of triangle and is the index of histogram bin. We compute this histogram for each color channel using 20 bins ( ) ranging from 0.7 to 1.1 and ignore the values outside this interval. We choose maximum sum of three adjacent bins as a good match because it is close to the total number of pixels. For any disparity value , the value ( ) is within 0 and 1. A better matching is obtained when the value of ( ) is closer to 1. The advantage of using a triangle as a matching unit is that each triangle shares edges with exactly three other triangles. This property allows a very straightforward implementation of the aggregation step, popular in pixel-based approaches but not common in region-based methods. In the aggregation step, the cost of adjacent triangle regions is also considered before selecting the best disparity. Denote Δ as the number of adjacent triangles of , and the aggregated matching function is given by
where is the measured function of the color similarity between triangles and based on the Bhattacharyya distance which is computed using the RGB values of both triangles. Parameter is used to control the attenuation degree of the exponential function . The support weight of adjacent triangle is larger with increasing but possibly blurring the image edge. The weight was set experimentally to 0.16 as a compromise between image smoothing and edge blurring. The initial disparity value of each triangle is given by = argmax( ( )). We can obtain a piece-wise constant disparity map at the end of this step. Next, we will smoothen and refine the disparity in discontinuous areas.
Disparity Refinement.
In the stage of disparity refinement, the disparity value of each vertex should be refined according to the similarity to its neighboring triangles so as to ensure that vertices related to similar triangles have similar depth values. Given that all vertices of each triangle are potentially refined, the final result is a piece-wise linear representation of the depth map.
Considering that vertex is shared by triangles, ( = 1, . . . , ) is the disparity values of this vertex in each triangle. We aim to find a refined disparity value for vertex to ensure that the disparity value difference is reduced when the triangles are similar and kept unchanged when the triangles are dissimilar. The refinement step is formulated as a minimization problem, and the objective function is given by
where is the similar weight between adjacent triangles and . is the confidence value when we obtain the initial disparity . The first term of (4) may be a regularization term, and it is minimized when all disparity values are the same. The second term is minimized when = .
To ensure the accuracy and smoothing of the disparity value, the key issue is the selection of the weight and . If is large, the disparity accuracy increases, whereas the disparity map is smooth when is large. Therefore, should be selected based on the initial matching algorithm given by
is the matching function similar to (2). = 3 is the number of color channels. is the number of pixels included in triangle . The value of represents the percentage of pixels inside the triangle that are present in the three largest contiguous bins considering three color channels. This value is close to one when good matches are obtained and decreases as the quality of the match gets worse. When triangles and are similar, the value of should be large so that the corresponding disparities of and are similar.
Subsequently, the key issue is the selection of . As in [14] , we note that color similarity and proximity are two main concepts in classic Gestalt theory for visual grouping. The more similar the color of a pixel is, the larger its support weight is. Assuming that similarity and proximity can be regarded as independent events, is given by
where is the similarity distance defined as the Euclidean distance between the mean RGB values of and . The distance can be calculated by the following equation:
‖ ⋅ ‖ 2 is second-order norm form and (⋅) represents the pixel gray level. is the spatial distance, defined as the Euclidean distance between the centroids of and , given by
where ( , ) and ( , ) are the centroid of and , respectively. ( , ) and ( , ) are the centroid coordinates of triangles and , respectively. Parameters and are thresholds that control the decay of the support weight. We have fixed = 10, = 12 based on previous experiments and obtained good matching results.
Experiment Results and Analysis
An overview of the proposed method is shown in Figure 3 . First, we obtained the image edge information using the optimal edge operator Canny. The Delaunay triangulation method was then used to divide the entire image that needs to be matched into a series of two-dimensional triangles according to the edge points. Second, we formulated the matching model to accomplish initial disparity estimation according to the characteristics that each triangle shared edges with another to achieve cost aggregation. Finally, we refined the initial disparity according to the characteristics that triangles shared vertices and obtained the final disparity map.
To verify the effectiveness of the proposed approach, we tested the method on higher-resolution images from the Middlebury website. We present four images here, namely, Cones, Teddy, Aloe, and Venus, with different resolutions. We implement the method on a PC with a single CPU of 2.79 GHz and 3 G memory; the program language is C++. The calculated disparity maps were evaluated by measuring the percent of bad matching pixels. A comparison of results of disparity maps is shown in Figure 4 . The black areas are occluded regions. A comparison of results of matching accuracy and running time of nonoccluded regions is shown in Table 1 . As shown in Figure 4 , the proposed method can obtain a clear outline disparity map. In occluded areas (Aloe left side) and disparity discontinuous areas (newspaper edge area of Venus) the proposed method can also obtain good matching results. To verify the effectiveness of the proposed algorithm, we compared our approach with ELAS [8] methods in terms of matching accuracy and running time. As shown in Table 1 , the average running times of the proposed algorithm and ELAS were 1.043 s and 1.045 s, respectively. The average error matching results in nonoccluded areas of our method and ELAS were 6.75% and 7.83%, respectively. The running time of the proposed algorithm was close to that of the ELAS algorithm. However, the error matching ratio of our method was lower than that of the ELAS algorithm. Therefore, the running time and matching accuracy of the proposed method are able to meet the needs of practical applications.
We also used the stereo vision system (as shown in Figure 5 (a)) based on D-H coordinates captured in the realworld images to verify the effectiveness of the proposed algorithm. The transmission agents of the stereo vision ∘ /s and 0.8 ∘ , respectively. We used a pair of fixed focus camera WA-922H to capture visual information. As shown in Figures 5(d) and 5(e), in the real-world scene, the proposed method can also obtain a good disparity map, which further verifies the effectiveness of the proposed method.
Conclusions
This paper presented a stereo matching algorithm based on Delaunay triangulation. Considering that edge detection has Mathematical Problems in Engineering an important influence on image recognition, an adaptive Canny operator was applied to detect image edge. The operator has the advantage of high accuracy edge positioning and it can effectively reduce the error matching ratio. The running time of stereo matching can be accelerated by using a triangle mesh as the matching unit and the gray information of the image to accomplish initial disparity estimation. The method was tested on Middlebury stereo pairs. The running time of the proposed method is about 1s and the matching accuracy is 93% compared with that of ground truth map. Experimental results showed that the proposed method improved both the running time and the matching accuracy. In our future research, we will design an integrated vision system for parallel image processing and then apply it to the study of binocular vision navigation and path planning for six-legged robot.
